This paper proposes a use of an ordinal classifier to evaluate the financial solidity of non-life insurance companies as strong, moderate, weak, and insolvency. This study constructed an efficient classification model that can be used by regulators to evaluate the financial solidity and to determine the priority of further examination as an early warning system. The proposed model is beneficial to policy-makers to create guidelines for the solvency regulations and roles of the government in protecting the public against insolvency.
Introduction
Thailand Insurance industry is subject to government regulation to protect policyholders, third-party liability claimant, and other related business. Solvency supervision, regulations and solvency position classification is an important topic for non-life insurers. Most of the studies were implemented in the United States and many previous studies focused on binary classification and the problem whose class values were unordered (bankrupt/nonbankrupt, solvency/insolvency, or healthy/failed) [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] . Unfortunately, they were not implemented in the multiclass classification fashion. In this paper, we hence proposed an ordinal multi-class classification for solvency condition classification. Normally, The Office of Insurance Commission (OIC) of Thailand uses the Capital ratio (CAR) system of non-life insurance in 2009 to evaluate the capital adequacy or financial solidity of the non-life insurers (as shown in Table 1 ). With the condition distinguished by a level of CAR, the insurance company and regulator's actions are required.
TABLE 1
The solvency evaluation and regulatory actions based on CAR system. Note: Company action level -company must file plan with insurance commissioner & explaining cause of deficiency and how it will be corrected. Regulatory action level -The commissioner is required to examine the insurer and take corrective action, if necessary. Authorized control level & Mandatory control level -The commissioner has legal grounds to rehabilitate or liquidate the company, the commissioner is required to seize a company.
The level of capital adequacy ratio (CAR) of insurer is affected by most insurance activities and decision making processes such as premium rate making, determination of the technical reserve, risk undertaking, reinsurance activities, investment, sales, credibility of company to related party, and also be affected by the country's economy, new legislations, inflation and interest rates [1] . With the help of our system, the companies can early detect the solvency condition of their own and can decide the most suitable policy to reduce their risk. [3, 4, 5] , logistic regression (LR) [6] , logit and probit model [7] [8] [9] [10] , and multinomial logistic regression (MLR) [1] . On the other hand, machine learning techniques such as neural networks (NNs) [11] [12] [13] [14] [15] , and genetic algorithm (GA) [16] were also used in Insolvency prediction. Kramer (1997) 
A Simple Approach to Ordinal Classification
Frank and Hall (2001) [17] presented an ordinal classification approach that enables standard classification algorithms to classify the ordinal class problems. Frank and Hall applied standard classifier in conjunction with a decision tree learner. The underlying learning algorithm takes advantage of ordered class values. First, the original dataset problem is transformed from a k-class V = {v 1 …. v k } to k -1 binary-class problems. The training starts by deriving new datasets from the original dataset, one for each of the k-1 new class attributes. In the next step, the classification algorithm is applied to generate a model for each of the new datasets. To predict the class value of an unseen instance, we need to estimate the probabilities of the k original ordinal classes using our k-1 model. Estimation of the probability for the first and last ordinal class value depends on a single classifier.
In General, for class values V i , a probabilities distribution on V i (k-classes) is then derived as follows:
To classify an instance of an unknown class, the instance is evaluated by each of the k-1 classifiers and the probabilities of each the k ordinal class value is calculated using method above. The class with maximum probability is assigned to that instance.
Decision Tree Learning Algorithm
The Decision Tree Learning (DTL) algorithm we used in this research is the one named J48 implemented in WEKA machine learning tool [18] . The J48 class is implemented based on the same concept as C4.5 decision tree [19] .
The DTL is a predictive machine learning model which begins with a set of the whole training examples. It creates a decision tree based on the attribute values of the training data that can best classify the set of samples at a time. The attribute which can best discriminate the sample set is evaluated based on the concept of Entropy. The examples are then divided into edges which is the value of the attribute. The child node which consists of examples from different classes will be replaced with the new attribute node, while the child node containing examples from the same class will be a used as a decision node, in which all examples will be classified as the class of training examples collected in this node.
Data and Methodology
The data set used in this study was collected from 70 nonlife insurance companies in Thailand. The companies which were in operation or went insolvency were covered from 2000 to 2008. During this period, 616 cases (543 strong, 16 moderate, 13 weak and 44 insolvency) were selected as training data set as shown in were used as a separated test set. The data source comes from the annual report of The Office of Insurance Commission (OIC) and the health insurance companies are not including on this study
The attributes selection started from 13 attributes. We chose them from the most commonly used ones in empirical studies of insurance science. They were found significant in previous studies of predicting non-life insurances' solvency [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [13] [14] [15] [16] . In this paper, we select the relevant attributes using the correlation-based attribute subset evaluator and greedy stepwise. All 13 attributed are shown in Table 3 . After we analyzed the distribution of the training data, we found that the distribution of the data set was imbalanced, as shown in Table 2 . The classification of data with imbalanced class distribution has posed a significant drawback on the performance of most standard classifiers, which assume a relatively balanced class distribution and equal misclassification costs [20] . Many techniques were proposed to solve this problem, for example, re-sampling methods for the balancing the data set, modification of existing learning algorithms, measuring the classifier performance in imbalance domains, relationship between class imbalance, and other data complexity characteristics [21] .
To attack the imbalanced data set problem, we employ the standard resample technique to produce a new random set of data by sampling with replacement. The distribution on the data sets after applying resample techniques is presented in Table 4 . In this study, we use the ordinal class classifier which employs the DTL algorithm as the base classifier. Figure 1 shows the classification process. Fig. 2 and 3 shows the concept of testing approaches, 10 fold crossvalidations and 70:30% split data set validation. 
Experimental and Results
This paper used a 10 fold cross-validation, 30% split test set and separated test set (2009 data set). The classification results are shown in Table 5 , 6, and 7. 1 ,a 2 .,.. ,a n denote the actual values.
Conclusions
From the experiment setting and results reported in the previous section, the results indicate that the obtained model can solve the problems of the multi-class classification and also the imbalanced data set. In this study, we employ the ordinal class classifier to solve the multi-class problem, so that our model can classify the solvency condition of Thai Non-life insurance companies into four cases, strong, moderate, weak, and insolvency. To attack the problem of imbalanced data set, we use the standard resample technique which can highly improve the accuracy of the minority class which is the class that we are interested. Our final model are useful for insurance regulators, auditors, investors, management, policy holders, and related party to determine the priority for further examinations as an early warning system. In our further research, we will apply the ensemble methods and standard classifiers proposed here to better improve the imbalanced data set problem.
